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component traits and their interactions can dissect individ-
ual quantitative trait loci (QTL) effects more effectively and 
improve yield predictions. Using a segregating rapeseed (Bras-
sica napus) population, we analyzed a large set of trait data 
generated in 19 independent experiments to investigate correla-
tions between seed yield and other complex traits, and further 
identified QTL in this population with a SNP-based genetic bin 
map. A total of 1904 consensus QTL accounting for 22 traits, 
including 80 QTL directly affecting seed yield, were anchored 
to the B. napus reference sequence. Through trait association 
analysis and QTL meta-analysis, we identified a total of 525 
indivisible QTL that either directly or indirectly contributed 
to seed yield, of which 295 QTL were detected across multi-
ple environments. A majority (81.5%) of the 525 QTL were 
pleiotropic. By considering associations between traits, we 
Abstract 
Key message A comprehensive linkage atlas for seed 
yield in rapeseed.
Abstract Most agronomic traits of interest for crop improve-
ment (including seed yield) are highly complex quantitative 
traits controlled by numerous genetic loci, which brings chal-
lenges for comprehensively capturing associated markers/
genes. We propose that multiple trait interactions underlie 
complex traits such as seed yield, and that considering these 
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identified 25 yield-related QTL previously ignored due to con-
trasting genetic effects, as well as 31 QTL with minor comple-
mentary effects. Implementation of the 525 QTL in genomic 
prediction models improved seed yield prediction accuracy. 
Dissecting the genetic and phenotypic interrelationships under-
lying complex quantitative traits using this method will provide 
valuable insights for genomics-based crop improvement.
Introduction
Crop production environments are subject to many abi-
otic and biotic factors affecting plant growth. In addition, 
networks of important agronomic traits interact with each 
other and with the environment in a very complex manner. 
Seed yield, one of the most important agronomic traits, is 
both extremely complex and strongly affected by the envi-
ronment. Furthermore, yield performance depends on fac-
tors such as plant growth conditions, plant resistance to 
biotic and abiotic stresses, and interactions with other phys-
iological and genetic processes through the entire crop life 
cycle. Yield itself is affected by many underlying traits and 
thousands of different genes (Bernardo 2008).
In the past few decades, many quantitative trait loci (QTL) 
analyses have been done using different statistical methods to 
dissect the genetic architecture of complex quantitative traits 
such as seed yield (Dargahi et al. 2014; Groos et al. 2003; 
Lacape et al. 2013; Li et al. 2014; Liu et al. 2015; Shi et al. 
2009; Song et al. 2007; Xiao et al. 1996; Zhang et al. 2004). 
Nevertheless, understanding of such complex traits is still 
rudimentary, and this knowledge is insufficient to contribute 
substantially to further crop genetic improvement (Bernardo 
2008). Theoretically, several hundred genes or QTL may 
account for differences in seed yield between two diverse par-
ents, but it is difficult to detect such a large number of QTL in 
a single mapping study by conventional methods. Difficulties 
in detecting QTL arise for a number of reasons. Firstly, exper-
imental variables such as soil fertility and time of crop emer-
gence are difficult to control in standard field experiments. 
Secondly, genes with opposite contributions to seed yield 
may be located in the same QTL region, offsetting their con-
tributions to yield. Thirdly, genotype-by-environment interac-
tions are relatively poorly understood (Cowling and Balazs 
2010; El-Soda et al. 2014). Finally, QTL mapping methods 
are often also statistically incapable of detecting genes with 
minor effects (Mackay et al. 2009; Würschum 2012).
More QTL can be detected by increasing the number 
of detectable recombination events in the segregating 
population. This usually involves enlarging the size of 
the population (and hence the number of recombinants) 
while maintaining genetic marker saturation such that all 
recombination events are detected (Mackay et al. 2009; 
Vales et al. 2005; Zeng 1994). However, larger population 
sizes and greater marker densities make experiments 
more difficult and costly, and often the trade-off is that 
fewer replicates are possible, hindering detection of field-
scale environmental variation. To address this issue, a 
number of statistical or methodological approaches have 
been suggested to improve QTL detection efficiency. 
Long et al. (2007) proposed inclusion of minor-effect 
“micro-real” QTL, which do not meet QTL detection 
thresholds, but nevertheless are either detected repeatedly 
in different environments or which overlap with QTL 
for related traits. For the latter, where QTL overlap with 
loci for related traits, Shi et al. (2009) coined the term 
“indicator QTL”. In previous studies, indicator QTL with 
positive or negative effects on traits related to seed yield 
were often ignored. However, such loci may be very use-
ful to further increase seed yield under selection in differ-
ent genetic backgrounds and environments.
Multiple single trait interactions are likely to underlie 
all complex traits such as seed yield. We hypothesize that 
by considering these component traits and their interac-
tions we can more effectively dissect individual QTL and 
more accurately predict the trait performance. To test this 
hypothesis, we investigated a large resource of phenotypic 
data generated in large-scale field trials: a total of 19 inde-
pendent experiments in a doubled-haploid (DH) B. napus 
mapping population (BnaTNDH), with accompanying sin-
gle nucleotide polymorphism (SNP) genotype data. Multi-
environment phenotype data was available for seed yield 
and its components (Shi et al. 2009), flowering time (Long 
et al. 2007); seed quality traits (Jiang et al. 2014; Shi et al. 
2009), glucosinolate content (Feng et al. 2012), nutrient 
use efficiency (Shi et al. 2013), tocopherol content (unpub-
lished data), and disease resistance (unpublished data). 
Firstly, we analyzed multi-trait phenotypic and genetic 
correlations using this large trait data set in B. napus, and 
related this to expression of seed yield via path analysis. 
Secondly, we identified and integrated QTL regions asso-
ciated with important traits (in particular seed yield) in B. 
napus, using a dense genetic map based on the Brassica 
Illumina Infinium 60 K SNP array. Thirdly, we analyzed 
the direct genetic effects and plasticity of QTL as well as 
indirect contributions to seed yield across environments, 
taking trait correlations into consideration. Finally, we 
tested the impact of yield-associated SNP markers on the 
accuracy of genomic prediction of seed yield.
Materials and methods
Plant material and available phenotype data
A doubled-haploid population (named “BnaTNDH”) 
derived from an  F1 hybrid between “Tapidor” (a 
1571Theor Appl Genet (2017) 130:1569–1585 
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European winter-type rapeseed cultivar) and “Ningyou7” 
(a Chinese semi-winter type rapeseed cultivar) was used 
for this study (Qiu et al. 2006). From this population, 182 
DH lines with genotyping data generated by the Brassica 
Illumina Infinium 60 K SNP array (Clarke et al. 2016) 
were recently used for genetic map construction (Zhang 
et al. 2016). Therefore, these 182 DH lines and this new 
map were used for QTL mapping in the present study 
with collected published phenotypic data (including seed 
yield and yield component traits, flowering time, glu-
cosinolate presence in different tissues, seed erucic acid 
and oil content) and unpublished phenotype data (resist-
ance to Leptosphaeria maculans, resistance to Sclerotinia 
sclerotiorum, and Vitamin E content) (see Tables 1, 2 for 
details of traits investigated and phenotyping locations). 
The field locations were classified into three macro-envi-
ronments: semi-winter, winter and spring. The harvest year 
combined with the location was set as an “experiment” and 
all experiments used a randomized complete block design 
with three replications, as described in Shi et al. (2009). In 
addition, three experiments were conducted under green-
house conditions (Table 2).
Collection of phenotype data on disease resistance
Resistance to Sclerotinia sclerotiorum (stem rot) was 
assessed at the seedling stage on the sixth leaf of each 
plant. The inoculation was performed in a plastic con-
tainer, where mycelial agar disks of S. sclerotiorum were 
placed on the upper surfaces of leaves. Plants were kept 
in the dark for 16 h, then provided with 12 h photoperiod 
(12 h light at 32 °C/12 h darkness at 22 °C, light intensity 
at 210 µmol m−2 s−1). Diameters of S. sclerotiorum leaf 
lesions were recorded at three different time points to pro-
vide an index of resistance to S. sclerotiorum. This index 
was used as quantitative data for identification of QTL.
The phoma stem canker pathogen (Leptosphaeria mac-
ulans) isolate 99-79 was sourced from the AAFC Sas-
katoon Research Centre collection, kindly provided by 
Dr. H. R. Kutcher. This isolate produced distinct resist-
ant (Tapidor) and susceptible (Ningyou7) phenotypes 
on parental lines and therefore was used to inoculate the 
BnaTNDH population lines to map the resistance gene.
Conidial suspension of isolate 99-79 was prepared 
from 12-day-old cultures on V8 agar and spore concen-
tration was adjusted to  107 spores per ml. Seedlings of 
the 200 DH lines were grown in 40-well trays in a con-
trolled environment room (20 °C day/20 °C night, 12 h 
light/12 h darkness, light intensity 210 µmol m−2 s−1). 
Cotyledons of 14-day-old seedlings were wounded and a 
10 µl drop of conidial suspension was placed over each 
wound. Each seedling had four inoculation sites (one 
on each cotyledon lobe). Five seedlings of each DH line 
were inoculated (i.e. 20 inoculation sites). Symptoms 
were assessed at 16–18 days after inoculation using a 0–9 
scale (0: no symptoms; 9: large gray lesions with pyc-
nidia); where 0–4 were classified as a resistant response, 
5 as an intermediate resistant response and 6–9 as a sus-
ceptible response. The disease scores were used as quan-
titative data for QTL identification.
Linkage map and marker alignment to the B. napus 
“Darmor‑bzh” reference genome
A genetic linkage map of the BnaTNDH population (182 
lines) with a total of 2041 genetic bins was constructed 
from 12960 SNP markers detected with the Brassica 60 K 
Illumina Infinium array (Zhang et al. 2016; Supplementary 
Table 1). We aligned all the SNP markers included in the 
genetic loci of the BnaTNDH genetic linkage map to the 
reference B. napus genome of “Darmor-bzh 4.1” (Chal-
houb et al. 2014) by BLAST (Altschul et al. 1990) as per-
formed in Zou et al. (2016). For those representative bin 
markers with no hits or uncertain hits, we used the physical 
location of other markers in the same genetic bin. All infor-
mation related to the physical alignment of the SNP mark-
ers in the genetic map to the reference genome is listed in 
Supplementary Table 1.
Phenotype and QTL analyses
Phenotypic correlation between all traits in a single envi-
ronment was estimated using Spearman’s rank correla-
tion coefficient (Myers et al. 2010). Genetic correlation 
between traits investigated in multi-environments was 
estimated using multivariate restricted maximum likeli-
hood estimation (REML) in SAS Proc MIXED (Holland 
et al. 2002). Heritability was calculated using the equation: 
h2 = σg2/(σg2 + σ2ge/n + σe2/nr), where σg2 is the genetic vari-
ance, σ2ge is the variance representing genotype-by-environ-
ment interactions and σe2 is the error variance, n is the num-
ber of environments and r is the number of replications. 
The variance of the components was estimated by SAS 
using a general linear model (GLM). Path analysis (Wright 
1934) was also done for each environment to further inves-
tigate links between traits and their effects on seed yield. 
Seed yield (SY) was set as the dependent variable while 
other traits investigated in corresponding experiments were 
set as independent variables. The direct or indirect effects 
of the independent variables on the dependent variable 
were estimated. The variables were initially standardized 
and the following path analysis model was established:
y − y¯
Sy
= α1
x1−x¯1
S1
+ · · · + αm
xm−x¯m
Sm
+ ε,
1572 Theor Appl Genet (2017) 130:1569–1585
1 3
Table 1  Abbreviations and measurements of investigated traits in the BnaTNDH population
Trait ID Traits name Trait abbreviation Trait unit Classification Trait measurement
1 Seed yield per plant SY Gram Yield and its 
components
Average dry weight of seeds of the harvested 
individuals in a plot
2 Seed number per pod SN NA Average number of well-filled seeds from 
100 well-developed pods, sampled from the 
primary branch in the middle of the harvested 
individuals in a plot
3 Seed weight SW Gram Average dry weight of 1000 well-filled seeds 
from three replicate samples, from the mixed 
seeds of the harvested individuals in a plot
4 Pod number PN NA Number of well-filled, normally developed 
pods on each harvested individual in a plot
5 Seed yield per pod PW % Dry weight of seed of each pod
6 Biomass yield per plant BY Gram Average total above-ground (except the seeds) 
dry weight of the harvested individuals in a 
plot
7 Branch number BN NA Developmental 
traits
Number of branches arising from the main 
shoot of each harvested individual in a plot
8 Development time of seeds DT Day Interval between the date of flowering time and 
the date when harvest
9 First branch height FBH cM Measured from the base of the stem to the first 
primary branch
10 Ratio of FBH to PH RBH NA Relative first primary branch height
11 Flowering time FT Day Interval between the date of sowing and the 
date when the first flowers emerged on 50% 
of the plants in a plot
12 Maturity time MT Day Interval between the date of sowing and the 
date when pods on most of the plants in a 
plot were yellow
13 Plant height PH cM Measured from the base of the stem to the tip 
of the main shoot
14 Pod number of main inflorescence PNM NA Pod number of main inflorescence
15 Resistance against Leptosphaeria 
Maculans (blackleg)
BR Number Resistance to 
stress
Symptoms were assessed at 16-18 days after 
inoculation using a 0–9 scale (0: no symp-
toms; 9: large grey lesions with pycnidia) 
(Koch et al. 1991); where 0-4 are classified as 
resistant, 5 as intermediate resistant and 6-9 
as susceptible. The disease scores were used 
as quantitative data for QTL identification
16 Resistance against Sclerotinia 
sclerotiorum
SR % Radius of Sclerotinia sclrotiorum disease 
spots (oval) on the leaf (Trait abbriviation 
RA,RB,RC RD and RE represent the radius 
measured in different independent experi-
ment)
17 Erucic acid content ERU % Seed quality Erucic acid content of seed
18 Linolenic acid LEN % Linolenic acid content
19 Oil content OC % Oil content of seed
20 Protein content PRO % Protein content in seeds
21 Glucosinolates
 1-Methoxy-3-indolylmethyl-GSL Ind-NEO μmol  g−1 Neoglucobrassicin content
 2-Hydroxy-3-butenyl-GSL Ali-4C-PRO μmol  g−1 Progoitrin content
 2-Hydroxy-4-pentenyl-GSL Ali-5C-GNL μmol  g−1 Gluconapoleiferin content
 3-Butenyl-GSL Ali-4C-GNA μmol  g−1 Gluconapin content
 3-Indolyl-methyl-GSL Ind-GBS μmol  g−1 Glucobrassicin content
 4C-Aliphatic glucosinolate Ali-4C μmol  g−1 Sum of Ali-4C-GRA,Ali-4C-GNA and Ali-4C-
PRO
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where Si was the standard deviation of x, Sy was the 
standard deviation of y, and α1, α2, …αm were the direct 
effects of independent variables on SY. A system of nor-
mal equations X ′SXSα = X ′SYS was used to estimate the 
direct and indirect effects of each explanatory variable on 
SY:
The indirect effect of independent variable xj on inde-
pendent variable xi was calculated as rijαjy. Statistical 
analysis was conducted in Microsoft Office  Excel® and R 
(R Core Team 2015).
WinQTLcart v2.5 (http://statgen.ncsu.edu/qtlcart/
WQTLCart.htm) was used for QTL detection by compos-
ite interval mapping (Silva Lda et al. 2012; Wang et al. 
2012). The number of control markers, window size, 
and walking speed were set to 5, 10, and 1 cM, respec-
tively. Permutation analysis with 1000 repetitions was 
performed to obtain the LOD threshold (Churchill and 
Doerge 1994). A significance level of (P = 0.05) was 
adopted as the LOD threshold, and QTL with LOD scores 
greater than the LOD threshold were accepted as sig-
nificant QTL. To avoid elimination of minor effect QTL 
with small LOD scores, a smaller LOD (P = 0.5) was 
adopted to determine suggestive QTL. Suggestive QTL 
that were repeatedly detected in multiple experiments 


1 r12
r21 1
. . . r1m
. . . r2m
:
rm1
:
. . .
1
. . .
:
1




α1
α2
:
αm

 =


r1y
r2y
:
rmy


were accepted for further analysis. Finally, significant 
QTL overlapping with suggestive QTL were admitted as 
authentic QTL and named as identified QTL according to 
the method reported by Long et al. (2007) and Shi et al. 
(2009). The identified QTL with R2 ≥ 20% were accepted 
as major QTL and those with R2 < 20% were accepted as 
minor QTL.
A meta-analysis algorithm (Goffinet and Gerber 2000) 
was developed to determine the number of “real” QTL 
within a region containing many independently identi-
fied QTL. The BioMercator v4.2 (http://moulon.inra.fr/
index.php/fr/seminairedoc/cat_view/21-logiciels/101-
abi-project-and-software/104-biomercator) was used to 
perform this meta-analysis: an adjusted Akaike criterion 
was adopted to determine the probable QTL numbers 
from the five given models (1-, 2-, 3-, 4- and N-QTL 
model, corresponding to the number of predicted true 
QTL). The software also provided a method to estimate 
the confidence interval of the predicted QTL position, 
C.I . = 3.92√∑i=k
i=1
(
1/S2i
) , where Si2 was the variance of the 
position of the  QTLi and k was the number of selected 
QTL selected for the meta-analysis (Chardon et al. 2004; 
Khatkar et al. 2004; Shi et al. 2009).
Firstly, all QTL identified for each trait were integrated 
using meta-analysis to get consensus QTL, using the 
methods of Shi et al. (2009). Consensus QTL that could 
be detected in more than one experiment were classi-
fied as reproducible QTL, while others were classified as 
Table 1  continued
Trait ID Traits name Trait abbreviation Trait unit Classification Trait measurement
 4-Hydroxy-3-indolyl-methyl-GSL Ind-4OH μmol  g−1 4-Hydroxyglucobrassicin content
 4-Methoxy-3-indolylmethyl-GSL Ind-4ME μmol  g−1 4-Methoxyglucobrassicin content
 4-Methylsulfinylbutyl-GSL Ali-4C-GRA μmol  g−1 Glucoraphanin content
 4-Pentenyl-GSL Ali-5C-GBN μmol  g−1 Glucobrassicanapin content
 5C-Aliphatic glucosinolate Ali-5C μmol  g−1 Sum of Ali-5C-GAL,Ali-5C-GBN and Ali-5C-
GNL
 5-Methylsulfinylamyl-GSL Ali-5C-GAL μmol  g−1 Glucoalyssin content
 Aliphatic glucosinolate Ali μmol  g−1 Sum of Ali-4C and Ali-5C
 Total Glucosinolate TGS μmol  g−1 Total glucosinolate content
 Glucosinolate GLU μmol  g−1 Total glucosinolate content by NIRS
 2-Phenylethyl GSL GST μmol  g−1 Gluconasturtiin content
 Indolyl glucosinolate Ind μmol  g−1 Sum of Ind-GBS,Ind-4OH,Ind-4ME and Ind-
NEO
22 Vitamin E
 Tocopherol composition TCO NA Ratio of the α-tocopherol content and 
γ-tocopherol content
 Total tocopherol content TTC ppm Total tocopherol content of the seed
 α-Tocopherol content αTC ppm α-Tocopherol content of the seed
 γ-Tocopherol content γTC ppm γ-Tocopherol content of the seed
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non-reproducible. As glucosinolate and tocopherol con-
tent include a large number of components, meta-analysis 
was done for these two traits and their components as 
described in Feng et al. (2012). Secondly, based on the 
phenotypic analysis and complex QTL distribution, a sec-
ond round of meta-analysis was done for all consensus 
QTL for different traits to obtain indivisible QTL related 
to seed yield across the whole genome.
Accuracy of genomic prediction on seed yield
Ridge regression best linear unbiased prediction (RR-
BLUP) was applied with different sets of markers for 
genomic prediction of seed yield using R software 
package “rrBLUP” (Endelman 2011). Considering that 
the seed yield and related trait phenotypes for the QTL 
detection were mostly detected in the semi-winter envi-
ronments (9) rather than in the winter environments (4), 
phenotype data of seed yield from semi-winter environ-
ments was processed for testing the prediction. The envi-
ronmental effects were estimated according to Zhao et al. 
(2013, 2015). In total, 100 runs of fivefold cross-vali-
dation were performed for the model, and the genomic 
selection accuracy was evaluated by the R2 value divided 
by the square root of the heritability and predicted seed 
yield performance (Zhao et al. 2015; Zou et al. 2016).
Results
Correlations between agronomic traits and their 
contributions to seed yield in the BnaTNDH population
Phenotype data for a total of 22 traits in the BnaTNDH 
population were collected over eight growing seasons, eight 
locations, and three greenhouse experiments (Tables 1, 2). 
The glucosinolate and tocopherol content measurements 
included different components as shown in Table 1. We cal-
culated the heritability of the 17 traits which had phenotype 
data collected over multiple environments (Fig. 1; Sup-
plementary Table 2). Biomass yield (straw weight + seed 
yield) showed the lowest heritability (0.48), while heritabil-
ity of all seed quality traits (erucic acid, oil content, glu-
cosinolate content, linolenic acid) and developmental traits 
(flowering time, time to maturity) was >0.8 and seed yield 
showed heritability of 0.72.
Genetic correlations and phenotypic correlations were 
calculated between the investigated traits across environ-
ments and within single environment. Significant corre-
lations with seed yield were observed for all traits across 
the different environments with the exception of glucosi-
nolate content (GLU) and pod number per main branch 
(PNM) (Fig. 1; Supplementary Table 3). These two traits BN
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were not significantly correlated with seed yield across all 
experiments, but showed significant correlations in a single 
experiment and hence were also considered as associated 
traits for the subsequent analyses. Disease resistance traits 
were investigated separately in different experiments, and 
hence only phenotypic correlation was calculated for these 
traits. However, disease resistance traits also showed sig-
nificant correlation with yield in several experiments (Sup-
plementary Table 3).
Path analysis was undertaken to identify complex con-
nections between seed yield and other traits. The results 
demonstrated that although some specific traits did not 
affect seed yield directly, these traits affected seed yield 
indirectly via interactions with other traits (Fig. 2). For 
instance, in the N6 experiment, the direct path coefficient 
for plant height was −0.02, but its indirect path coeffi-
cient through pod number was 0.39. This suggests that 
a taller plant would usually have more pods, and there-
fore increased yield. In the S6 experiment, the direct 
path coefficient of seed development time was −0.1, but 
its indirect coefficients through flowering time and seed 
weight were 0.09 and 0.09, respectively, which explains 
its positive correlation of 0.15 with seed yield (Sup-
plementary Table 4). Associated traits like oil content, 
seed weight, pod number and branch number showed a 
relatively consistent effect (positive correlation) on seed 
yield. Some traits also had differing impacts on seed 
yield in different environments. For example, flowering 
time showed a positive correlation with seed yield in win-
ter environments, but was negatively correlated with seed 
yield in the semi-winter environments.
Detection of consensus QTL accounting for all 
investigated traits using the high‑density SNP genetic 
map of the BnaTNDH population
QTL accounting for seed yield and 21 additional traits 
collected from up to 19 experiments were analyzed using 
a newly constructed high-density SNP genetic map of the 
BnaTNDH population (Zhang et al. 2016). The newly 
constructed genetic map spanned a total of 2077.9 cM 
with an average of one locus per cM, covering 94.92% of 
the “Darmor-bzh” assembled reference genome as calcu-
lated by the physical position of the loci on each chromo-
some (Supplementary Tables 1, 5).
A total of 2569 identified QTL accounting for the 22 
traits were detected with the new map: the average LOD 
value, R2 and confidence interval were 4.92, 7.60% and 
6.25 cM, respectively (Table 3; Supplementary Table 6). 
After integrating redundant QTL that were either repeat-
edly detected from different environments or re-counted 
by totals versus components of glucosinolate and 
tocopherol content traits, a total of 1904 consensus QTL 
were integrated for the 22 traits, with an average confi-
dence interval reduced from 6.25 to 5.67 cM, in which 
there were 42 major QTL (R2 > 20%), included seed 
yield, glucosinolate, erucic acid, disease resistance, seed 
number per pod, branch number, pod number, relative 
first primary branch height (Supplementary Tables 6, 7, 
8). For those traits investigated in both semi-winter and 
winter macro-environments, a total of 155 QTL could 
be detected in both of the micro-environments. For the 
traits investigated in more than one experiment, 22.18% 
(420 out of 1894) of the QTL were repeatedly detected, 
and these were considered to be reproducible QTL. Fur-
thermore, the proportion of reproducible QTL was sig-
nificantly associated with the heritability of the traits 
(r = 0.63, P < 0.05).
After the meta-analysis, most consensus QTL for a sin-
gle trait overlapped with QTL for other traits, illustrating 
a complex genetic regulatory network. The additive effects 
of some QTL also corresponded to the genetic correla-
tions between traits. For example, qPN.A3-1 and qSY.A3-2 
overlapping on linkage group A3 were responsible for the 
increase in pod number and seed yield, respectively (Sup-
plementary Table 7), suggesting a pleiotropic effect or 
close linkage of the genes for the two traits. The two traits 
Fig. 1  The abbreviations SY, SN, SW, PN, PW, BN, FT, PH, MT, 
BY, DT, PNM, OC, PRO, LEN, ERU and GLU represent seed yield, 
seed number per pod, seed weight, pod number, pod weight, branch 
number, flowering time, plant height, maturity time, biomass yield, 
development time for seeds, pod number on main inflorescence, oil 
content, protein content, linolenic acid content, erucic acid content 
and glucosinolate content, respectively (Table 1). The values for cor-
relation significance “0”, “1”, “2”, “3” represent the significance lev-
els “no significant correlation”, “significant in a single environment 
(i.e., single experiment) with P < 0.01”, “significant in several envi-
ronments (i.e., several experiments) with P < 0.05” and “significant in 
several environments with P < 0.01”, respectively
1577Theor Appl Genet (2017) 130:1569–1585 
1 3
were also significantly correlated (r = 0.25, P < 0.001). A 
total of 12 QTL clusters distributed in linkage group A2, 
A3, A4, A7, A9, A10, C4, C5 and C6 were observed (Sup-
plementary Table 7). For instance, in linkage group C6, 
there were 16 consensus QTL clustered in the region cov-
ering 13.9 cM, accounting for seed yield, branch number, 
pod number, plant height, flowering time, glucosinolates, 
and erucic acid, and these traits were significantly corre-
lated (Supplementary Tables 3,  7).
Detection of “essential QTL” for seed yield 
with consideration of trait associations
A total of 80 consensus QTL responsible for seed yield 
were detected using the seed yield phenotype value: of 
these, 78 overlapped with QTL for other correlated traits. 
Correlation and path analysis also showed that seed yield 
was directly or indirectly correlated with almost every 
trait investigated. Therefore, meta-analysis was con-
ducted to integrate the QTL for the traits correlated with 
seed yield (Supplementary Table 9). As the genetic cor-
relation between seed yield and seed quality traits would 
be affected by the path correlation among the seed qual-
ity component traits, seed quality trait-related QTL that 
did not overlap with yield and yield-component trait QTL 
after meta-analysis were removed. As a result, 525 insep-
arable QTL involving 1266 markers across the whole 
genome were obtained, with an average QTL confidence 
interval of only 2.48 cM, and denoted as “essential QTL” 
contributing to the trait of seed yield (Table 4; Fig. 3; 
Supplementary Tables 9, 10; Supplementary Fig. 1). SNP 
alleles of the 1266 markers that positively contributed to 
seed yield are provided in Supplementary Table 10, and 
the candidate genes in the interval of the essential QTL 
are provided in Supplementary Table 11. Among the 525 
essential QTL, 428 were integrated from QTL for multi-
ple traits and were defined as pleiotropic, while the other 
97 QTL were trait-specific. For the trait-specific essen-
tial QTL, two were seed yield-specific and 11 were seed 
yield component-specific. Most trait-specific essential 
QTL were responsible for developmental traits such as 
plant height, flowering time and branch number. There 
were also several seed quality trait QTL controlling, for 
example, glucosinolate components, seed oil and erucic 
Table 3  Numbers of identified 
and consensus QTL for 22 traits 
investigated in the BnaTNDH 
rapeseed mapping population
* The number represents the number of traits classified into this category
Trait classification QTL type A genome C genome Whole genome
Seed yield and its components (4)* Identified QTL
 Total 241 125 366
 R2 0.07 0.06 0.07
Consensus QTL
 Total 174 101 275
Developmental trait (10) Identified QTL
 Total 376 324 700
 R2 0.06 0.06 0.07
Consensus QTL
 Total 271 220 491
Seed quality trait (25) Identified QTL
 Total 659 576 1235
 R2 0.07 0.06 0.08
Consensus QTL
 Total 507 419 926
Stress resistance (2) Identified QTL
 Total 176 92 268
 R2 0.08 0.06 0.07
Consensus QTL
 Total 133 79 212
Total Identified QTL
 Total 1452 1117 2569
 R2 0.08 0.07 0.08
Consensus QTL
 Total 1085 819 1904
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acid content, which may affect seed yield in specific 
environments (Supplementary Table 9). 
Some of the essential QTL (75) were directly comprised 
of consensus QTL for seed yield and other consensus QTL 
for yield-related traits. For example, seed yield QTL qSY.C9-
2 on linkage group C9 overlapped with QTL for seed number 
(qSN.C9-2), pod number (qPN.C9-1), and plant height (qPH-
LP.C9-2) (Supplementary Table 9, Fig. 4a). Some of the 
essential QTL (31) did not directly involve consensus QTL 
for seed yield, but contained at least two consensus QTL for 
seed yield-related traits with consistent effects (either positive 
or negative contribution to the traits). Although consensus 
QTL for seed yield could not be detected from such loci, the 
accumulated effects from these yield-component QTL could 
contribute substantially to seed yield. For instance, the allele 
of QTL qSN.C3-3 associated with increasing seed number 
overlapped with QTL qPN.C3-1 for increasing pod number 
(77–86 cM on linkage group C3; Fig. 4b). A number of the 
essential QTL (25) did not contain consensus QTL for seed 
yield, but contained consensus QTL for seed yield-related 
trait components with opposite phenotypic contributions 
(both positive and negative in relation to seed yield). For 
example, at 60.9–66.2 cM on linkage group A2, the Tapidor 
allele of QTL qSW.A2-1 was responsible for reducing seed 
weight, whilst the overlapping qPN.A2-1 was responsible for 
increasing pod number (Fig. 4c).
For indirect QTL with consistent effects, 26 showed environ-
ment-specific contribution to seed yield, as they overlapped with 
several seed yield component QTL detected in the same macro-
environment. Meanwhile, five indirect QTL affected the seed 
yield through different yield components in different macro-
environments. For instance, es.C3-22 included QTL for pod 
number (qPN.C3-3, detected in the winter environment) and 
QTL for seed number (qSN.C3-5, detected in the semi-winter 
environment). This suggested that this essential QTL for seed 
yield could affect yield performance through different paths in 
different environments. Of the indirect QTL with mixed effects, 
21 had opposite contributions to yield components, offsetting 
the yield improvement in the same macro-environment. How-
ever, four indirect QTL showed such a contribution in differ-
ent macro-environments. These QTL showed an environment-
specific potential for yield improvement, and mostly showed a 
positive contribution in the semi-winter environment. Only es.
C9-17 showed a positive contribution to seed yield in the winter 
environment (through increased pod number).
Prediction accuracy for seed yield based on “essential 
QTL”
To test the prediction accuracy for seed yield based on pre-
dictions implementing essential QTL, we used the 2041 
marker bins in the TN linkage map to perform prediction 
on seed yield in semi-winter environments using the predic-
tion model RR-BLUP. Of these 2041 markers, 1266 mark-
ers were located within the confidence intervals of essential 
QTL (Supplementary Table 10) and 775 markers were not 
located within the confidence intervals of essential QTL. To 
avoid confounding effects from shared markers between the 
two datasets, two additional sets of 1266 and 775 markers 
were also randomly selected from the linkage map to assess 
prediction accuracy. The highest prediction accuracy of 
0.5211 was achieved when the markers used only involved 
the 525 essential QTL. This prediction accuracy was supe-
rior to using the set of markers out of the QTL interval, 
using the same number of markers randomly chosen from 
the whole set of markers, or even to using the whole set of 
2041 markers for prediction (accuracy of 0.5068) (Fig. 5).
Discussion
Most agronomic traits of interest in crop breeding are 
complex quantitative traits, controlled by many genes 
Fig. 2  The abbreviations SY, SN, SW, PN, PW, BN, FT, PH, MT, 
BY, DT, PNM, OC, PRO, LEN, ERU and GLU represent seed yield, 
seed number per pod, seed weight, pod number, pod weight, branch 
number, flowering time, plant height, maturity time, biomass yield, 
development time for seeds, pod number on main inflorescence, oil 
content, protein content, linolenic acid content, erucic acid content 
and glucosinolate content, respectively (Table 1). Path analysis for 
the traits investigated in the environment S6 (experiment done in a 
semi-winter environment in 2006). Traits that have a relatively high 
path coefficient for seed yield are shown. For some traits not inves-
tigated in the environment S6, data from other environments (S4 and 
S5, experiments done in semi-winter in 2004 and 2005, respectively) 
were used and are indicated with blue and yellow lines. These traits 
include seed yield and its components (diamond), developmental 
traits (circle) and seed quality traits (square), linked by three different 
colors of lines. More results for the trait correlation and path analy-
sis under other environments can be found in Supplementary Tables 3 
and 4
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with minor effects (Chesler et al. 2005). Detecting these 
minor-effect genes and biologically and statistically vali-
dating their effects on crop phenotypes is challenging. As 
a result of crop domestication, a considerable number of 
traits are associated, either by co-selection, or through co-
regulation of underlying genes (Balasubramanian et al. 
2007; Bernardo 2008). When estimating and attempt-
ing to improve seed yield, breeders always consider not 
only the trait of seed yield itself, but also traits associated 
with seed yield, such as plant height, branching, flower-
ing time and pod number. However, these interrelation-
ships between traits are rarely considered in QTL predic-
tion. This may limit prediction accuracy as well as our 
understanding of how different phenotypes and underly-
ing genetic loci interact to control complex traits. In this 
study, we propose the concept of “essential QTL”: com-
bined multi-trait or multi-environment QTL that contrib-
ute either directly or indirectly (via interactions between 
related traits) to seed yield. Our results provide a model 
for predicting and understanding complex traits in crops.
Our analysis of correlations between traits and QTL 
locations in the large BnaTNDH data set (Figs. 1, 2, 3; 
Supplementary Table 8) revealed a complex genetic 
architecture for seed yield. A total of 525 essential 
QTL for seed yield were identified, spanning 2.48 cM 
on average (about 731.56 kb; Table 4), anchored by at 
least one unique SNP-bin marker. Most of the essential 
QTL showed pleiotropic effects, as well as environment 
effects. Finally, a total of 1266 essential QTL markers (or 
representative markers for genetic bins) were identified 
for reference in future studies (Supplementary Table 10).
Using essential QTL significantly improved predic-
tion accuracy for seed yield under a genomic selection 
model relative to other marker datasets used in our study 
(Fig. 5). Although there are a few reports on the pre-
diction accuracy for seed yield with GS models as 0.45 
(Jan et al. 2016; Würschum et al. 2014), little research 
related to prediction accuracy of seed yield has been done 
in rapeseed. In this study, the genomic prediction accu-
racy for seed yield in semi-winter environment using the 
whole marker dataset was 0.5068, but the accuracy was 
improved (to 0.5211) by using markers located in QTL 
regions (Fig. 5), which highlights the potential use of 
these markers in increasing prediction accuracy. With the 
implementation of essential QTL on the whole genome 
selection model for seed yield, the prediction accuracy 
would be further improved. Therefore, combining pre-
viously acquired QTL information with our proposed 
prediction strategy could facilitate the process of whole 
genome selection for complex traits in future.
Table 4  Distribution of essential QTL for seed yield and informative markers in the BnaTNDH rapeseed mapping population
Genome No. essential QTL Trait-specific Pleiotropic Average interval 
(cM)
Total covered 
distance (cM)
No. markers within 
confidence intervals
A01 41 11 30 1.54 63.06 103
A02 34 3 31 2.49 84.64 59
A03 43 4 39 1.73 74.41 102
A04 29 7 22 2.2 63.8 81
A05 24 5 19 3.24 77.73 69
A06 25 9 16 2.35 58.64 78
A07 29 5 24 2.37 68.69 92
A08 14 6 8 2.57 35.98 35
A09 45 7 38 1.83 82.24 100
A10 23 2 21 1.88 43.35 53
A genome 307 59 248 2.22 681.23 772
C01 21 5 16 2.52 52.85 56
C02 19 5 14 2.21 42.06 48
C03 33 6 27 2.83 93.31 80
C04 14 4 10 4.8 67.22 42
C05 20 3 17 4.12 82.3 40
C06 34 3 31 2.63 89.47 60
C07 23 3 20 2.96 68.16 52
C08 26 5 21 3.04 79.07 70
C09 28 4 24 2.73 76.5 46
C genome 218 38 180 3.09 674.49 494
Total (A + C) 525 97 428 2.48 1303.58 1266
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Of the essential QTL we have identified, nearly one-
fifth had a direct effect on seed yield, but the majority had 
an indirect effect on seed yield through the contribution of 
yield-related traits. These latter essential QTL had either a 
direct effect (all QTL positive or all negative with respect 
to effect on seed yield) or contained a mixture of posi-
tive and negative QTL affecting seed yield in the essen-
tial QTL region. In common practice, only direct QTL 
are detected via the final value of seed yield (Chen et al. 
2010; Maccaferri et al. 2008; Moncada et al. 2001; Peng 
et al. 2011; Radoev et al. 2008). Using the essential QTL 
approach, we detected an additional 56 QTL that influ-
enced seed yield indirectly through control of other traits. 
Nearly half (25) of these essential QTL were composed of 
QTL with opposite effects, offsetting each other in their 
final contribution to seed yield. The effect of co-localized 
QTL has also been reported in other studies (Sun et al. 
2012; Zhao et al. 2016). In rice, gene OsPTR9 was found 
to increase seed yield by 16.7–24.5% compared with 
wild-type lines by improving the nitrogen utilization effi-
ciency (Fang et al. 2013). Recently, Fan et al. (2016) also 
identified a protein controlling nitrogen uptake efficiency 
which could increase rice yield by fifty percent. These 
results provide evidence that yield-related traits such as 
nutrient uptake efficiency can affect seed yield. The detec-
tion of “essential QTL” provides a means of identifying 
the genetic basis of complex traits under a dynamic grow-
ing system with sophisticated trait associations. Our anal-
ysis of seed yield comprises an effective approach to dis-
sect complex traits, which would be also used for similar 
investigation of other traits in other crops.
Comprehensive QTL analysis to discover trait-asso-
ciated markers is necessary for molecular marker-based 
selection in rapeseed pre-breeding and breeding. The 
high-density genetic map newly constructed with the 
assistance of the Illumina Infinium Brassica 60 K SNP 
array (Zhang et al. 2016), combined with eight years of 
phenotype data across different environments for up to 22 
traits (including seed yield and yield components, plant 
development, seed quality, and biotic stresses), allowed 
us detect a total of 1904 consensus QTL accounting for 
22 traits with an average confidence interval of 5.67 cM 
(Supplementary Table 7). Furthermore, the available 
“Darmor-bzh” B. napus reference genome sequence 
(Chalhoub et al. 2014) allowed us to align 60 K SNP 
markers to physical positions genome-widely.
From the QTL analysis of BnaTNDH population across 
multiple-environments, a majority of the QTL were envi-
ronment-specific, presenting in one macro-environment 
or single experiment. It indicated significant environment 
effects on complex traits, and these QTL would provide 
reference for understanding the environment interac-
tions with genes (Li et al. 2003; Yang et al. 2007). While 
there were also considerable QTL detected in both macro-
environments (155 QTL) and multiple experiments (420), 
introgression of the favorable alleles of these QTL would 
be useful for improving the adaptation of B. napus. Quite 
a lot of QTL clusters and major QTL were also identified 
(Supplementary Table 7). These QTL clusters would also 
provide references for further understanding of the co-
selection or linkage drags in rapeseed for trait improve-
ment. The major QTL as well as the minor QTL would 
also provide references for gene cloning. For example, the 
resistance QTL qBR.A10-1 against L. maculans identified 
on A10 was found to be the major resistance gene Rlm2, 
which has now been cloned (Larkan et al. 2014). Two small 
QTL for resistance against L. maculans were also detected 
on A4 and C3 of the BnaTNDH population, which suggests 
that these two QTL may contribute to quantitative resist-
ance. Previous studies also provided evidence that there 
were several QTL on A4 and C3 contributing to resistance 
against L. maculans (Jestin et al. 2015; Huang et al. 2016). 
Candidate genes FLOWERING LOCUS T, FAE1, Rlm2 for 
flower time, erucic acid content, resistance against L. mac-
ulans, were consistently detected in the QTL regions for 
these traits (Supplementary Table 11).
Fig. 3  The outer circle is the BnaTNDH linkage map, the short black 
lines indicate the positions of map markers. The red triangles, green 
triangles and black triangles under the linkage groups indicate the 
essential QTL for seed yield, seed yield components and other traits, 
respectively. The red wave in the middle circle indicates the LOD 
scores for corresponding composite QTL, while the yellow wave in 
the inner circle indicates the R2 values for corresponding essential 
QTL. The details of LOD scores and the R2 values for correspond-
ing essential QTL are shown in Supplementary Table 9 (color figure 
online)
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The BnaTNDH genetic mapping population of B. napus 
was derived from the cross between the typical European 
winter-type cultivar “Tapidor” and typical Chinese semi-
winter cultivar “Ningyou7”, and hence contains genomic 
diversity between the two major gene pools of B. napus 
growing in Europe and Asia (Qiu et al. 2006). More QTL 
were discovered in the A genome than in the C genome in 
our study (Table 3), supporting previous results (Shi et al. 
2009). This may have been due to richer allelic variation 
in the A genome than in the C genome in the rapeseed 
Fig. 4  Horizontal lines indicate 
the QTL intervals while the 
short vertical lines indicate the 
positions of peaks. A downward 
peak position line indicates that 
the value of the genetic effect 
of the QTL is negative, and an 
upward line indicates that QTL 
has a positive genetic effect on 
the trait. a On the C9 linkage 
group, the seed yield QTL (qSY.
C9-2) that overlapped with 
seed yield component QTL 
were integrated into es.C9-13; 
b On the C3 linkage group, 
QTL for seed yield components 
with positive contribution were 
integrated into es.C3-17; c On 
the A2 linkage group, QTL for 
seed yield components with 
opposite contributions were 
integrated via meta-analysis into 
one essential QTL named as es.
A2-14. SN seed number per pod, 
SY seed yield, SW seed weight, 
PN pod number, ERU erucic 
acid content, PH-LP plant 
height under low phosphorus 
condition, PW seed yield per 
pod, VE vitamin E content, DT 
development time for seeds, 
PRO protein content, GLU 
glucosinolate content
b
c
a
es.A2-14
qPN.A2-1
qSW.A2-1
uniGlu.A2-9
qPRO.A2-3
A2 
60.35 cM66.25 cM
C3
93.22cM 72.76cM
qDT.C3-2
uniVE.C3-2
qERU.C3-1
qSN.C3-3
qPW.C3-2
qPN.C3-1
es.C3-17
es.C9-13
C9
74.94cM
qPH-LP.C9-2
qPN.C9-1
qSY.C9-2
qSN.C9-2
qERU.C9-1
62.40cM
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germplasm pool, and this may particularly be the case for 
the two parents of the BnaTNDH mapping population, as 
the parent cultivar Ningyou7 is known to carry introgres-
sions from the more diverse A-genome progenitor species 
B. rapa (Bancroft et al. 2011).
In future, as data will be continually obtained through 
QTL mapping and genome wide association analy-
sis (e.g. Chen et al. 2007; Huang et al. 2016; Lee et al. 
2015; Raman et al. 2014; Ramchiary et al. 2015; Xu 
et al. 2009), it would be possible to integrate the data 
from this study into further meta-analyses using this 
approach with consideration of trait association to pro-
vide better understanding of complex traits for crop 
improvement. These data and the integration of genetic 
and physical maps will provide an important theoretical 
and applied resource for studies in rapeseed genetics and 
genomics.
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Fig. 5  Prediction of genomic 
selection accuracy was done 
using 2041 representative bin 
markers from the BnaTNDH 
genetic map, 1266 bin mark-
ers located within QTL 
confidence intervals, 775 bin 
markers located outside QTL 
confidence intervals, and by 
comparison 1266 randomly 
selected bin markers and 775 
randomly selected bin markers, 
respectively. The top and bot-
tom of each box represent the 
prediction values of the upper 
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